1. Estimating biodiversity and its changes in space and time poses serious methodological 23 challenges. First, there has been a long debate on how to quantify biodiversity, and second, 24 measurements of biodiversity change are scale-dependent. Therefore comparisons of biodiversity 25 metrics between communities are ideally carried out across scales. Simulation can be used to study 26 the utility of biodiversity metrics across scales, but most approaches are system specific and plagued 27 by large parameter spaces and therefore cumbersome to use and interpret. However, realistic spatial 28 biodiversity patterns can be generated without reference to ecological processes, which suggests a 29 simple simulation framework could provide an important tool for ecologists. 30
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Introduction

58
Understanding how biodiversity varies in space and time poses one of the greatest challenges in 59 ecology. One reason this challenge is difficult to overcome is that observed biodiversity changes 60 depend on spatial scale (Rosenzweig 1995; Rahbek 2005 ) and on the specific biodiversity measure used 61 (reviewed in Magurran & McGill 2011) . Reasons for the complexity in measuring biodiversity across 62 scales are twofold. First, any measure of biodiversity (e.g., species richness, Shannon, or Simpson 63 diversity) transforms the numbers of individuals and species in a given sample into a single univariate 64 metric that necessarily only captures a portion of information about the underlying abundances and 65 spatial distribution. Second, biodiversity measures vary non-linearly with spatial scale and thus any 66 comparisons among two or more sites will typically be highly scale-dependent (i.e., their difference or 67 ratio will depend on the scale in which it is measured) ( Here, we introduce the software package mobsim to facilitate understanding and 78 interpretation of biodiversity changes across scales. mobsim includes spatially explicit simulation 79 tools, which allow user-defined manipulations of the three biodiversity components. Of course, in 80 nature the components emerge from species traits and dynamic ecological processes such as 81 competition, dispersal limitation, or habitat filtering. However, we suggest that direct simulations and 82 manipulations of the emerging biodiversity components provide generality that embraces different 83 taxa and ecosystems. 84
Often, when discussing processes of sampling and resulting biodiversity measurements, 85 analogies such as pulling jellybeans from a jar are used (e.g., Gotelli & Colwell 2001) . These analogies 86 also provide useful pedagogical tools for teaching biodiversity concepts (e.g., Heard 2016) . mobsim 87 simulates individuals of different species (i.e., the proverbial "jelly beans") in a spatially explicit 88 landscape and thus allows studying the influence of sampling and scale, as well as the interrelatedness 89 between different biodiversity descriptors and patterns in a comprehensive and efficient way. The 90 package provides functions for three purposes (1) the simulation of communities in space, (2) the 91 analysis of biodiversity patterns, and (3) the simulation and assessment of different sampling designs 92 Table 1 ). 93
Specifically, in spatially-explicit simulations users define the total number of individuals, the 94 species richness, the shape and evenness of the relative species-abundance distribution, and the 95 intraspecific aggregation of species. Functions for the analysis of biodiversity patterns, such as 96 rarefaction-curves (Gotelli & Colwell 2001 ) and species-area relationships (Rosenzweig 1995) allow 97 users to assess how different biodiversity indices vary with spatial scale and/or sampling effort. Finally, 98 the package provides functions to simulate sampling processes and to convert the spatially-explicit 99 simulated data into classical community matrices (i.e. sites-by-species abundances matrices). These 100 matrices can then be analysed using standard analytical tools (Legendre & Legendre 2012) to assess 101 how the simulated changes are expressed in measures of biodiversity and influenced by the sampling 102 design. The package is currently available on GitHub (https://github.com/MoBiodiv/mobsim) and also 103 as interactive shiny application with graphical user interface 104 (https://github.com/KatharinaGerstner/mobsim_app). We also plan to publish the package on CRAN 105 (https://cran.r-project.org). 106
Package description 107
Simulation of community data 108 An ecological community is characterised by its species-abundance distribution (SAD) and by the 109 spatial distribution of individuals. In mobsim, users can use a predefined SAD and add simulated 110 positions of individuals, or simulate both the SAD and the positions (Table 1) . For the simulation of 111 SADs, a wrapper around the function rsad from the R package sads is provided, which offers many 112 options for the underlying statistical distribution (Prado, Miranda & Chalom 2016) . In contrast to 113 sads::rsad, the function mobsim::sim_sad allows the simultaneous specification of the 114 simulated number of individuals and the number of species in the pool. Due to random sampling, there 115 can be fewer species in the simulated community than in the user-defined species pool, but we also 116 provide an argument in sim_sad to allow the number of simulated species equal that of the pool 117 size. In this case there can be deviations from the underlying statistical distribution, because rare 118 species are added until the required species richness is reached, leading to a longer tail than expected 119 from the underlying statistical SAD model. 120
The spatial coordinates of individuals are simulated as 2-dimensional point processes in 121 to the nearest neighbour, which results in the spatial species-accumulation curve (spatial SAC) 134 (Chiarucci et al. 2009 ). Note that this is different from the sample-based accumulation curve described 135 in Gotelli & Colwell (2001) , which considers the distribution of individuals among plots, but not the 136 spatial location of plots. combination of rarefaction and accumulation curves can be used to disentangle changes in these three 175 biodiversity components (Fig. 2) . The key point is that the shape of the rarefaction curve only depends 176 on the underlying SAD, but not on the spatial distribution (Gotelli & Colwell 2001 ), while the shape of 177 the accumulation curve depends on both the SAD and the spatial distribution. First, we randomly 178 removed 50% of all individuals. This does not affect the underlying SAD, as indicated by overlapping 179 rarefaction and accumulation curves that end at different numbers of individuals ( Fig. 2a, b) . Second, 180
we simulated communities with lower evenness by increasing the variation of species abundances. 181 This resulted in changes in both the rarefaction and the accumulation curves ( Fig. 2c, d) . Here, the 182 difference (or ratios) between the curves changes with sampling effort, which indicates scale and/or 183 sampling effort dependent effect sizes (Chase & Knight 2013) . Despite having the same number of 184 species in the pool, the simulated communities differ in species richness even for the maximum 185 number of individuals, because the rarest species are not sampled into the local community. See Fig.  186 S1 for the same figure that used a fixed species richness of the simulated community, where the curves 187 converge at the largest number of individuals. Third, we add intraspecific aggregation by using a 188
Thomas-process instead of a Poisson-process, which does not affect the rarefaction curve, but leads 189 to lower expected species richness in the spatial species-accumulation curve ( Fig. 2e,f) . 190 We used mobsim to assess the performance of a bias-corrected version of the well-known 208 Chao1-estimator , in the face of spatial aggregation and different sampling designs. 209
We simulated a community with 1,000 species and 1,000,000 individuals. Then we used the function 210 sample_quadrats to sample from the community. We varied the proportion of total area sampled 211 between 0.01% -1% as well as the number of sampling quadrats (1 -100) that jointly represent the 212 total sampling effort. These combinations of sampling strategies were applied to communities with 213 the same SAD, but with different intraspecific aggregations. We examined four scenarios for 214 aggregation: (1) a random distribution; (2) several large clusters per species; (3) several small clusters 215 per species; (4) one large cluster per species. We used the function vegan::estimateR to calculate 216 the species-richness estimator of Chiu et al. (2014) . 217
For the community with a random distribution we found no influence of whether a single large 218 or several small quadrats were sampled (Fig. 3a) . However, the estimated richness and its uncertainty 219 strongly varied with total sampling effort. The bias of the estimator decreased with increasing sampling 220 effort, but the estimated and true values only converged at the highest effort. At the same time, the 221 uncertainty decreased drastically with sampling effort (Fig. 3a) . 222
For aggregated distributions, the spatial configuration of sampling mattered and a sampling 223 strategy with several small quadrats was less biased than few large quadrats ( Fig. 3b-d ). For high 224 aggregation, species richness and its uncertainty were strongly underestimated (Fig. 3c, d) . This is an 225 
